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1Evaluation of the Impacts of Governmental Policies
on the Biofuels Supply Chain Design under
Uncertainty
Narges Kazemzadeh and Guiping Hu
Abstract—There is a growing interest in the use of biomass as
a source of energy around the world. In the United States, the
Renewable Fuel Standard (RFS) sets policies and mandates to
support the production and consumption of biofuels. However,
the uncertainties associated with the governmental and local
policies and regulations on both production and consumption
have imposed significant impacts on the biofuel supply chain
network. This study aims to determine the optimal design of the
biofuel supply chain to maximize annual profit under the impacts
of governmental policies. In this study, two-stage stochastic
programming models are developed in which conditional value
at risk is considered as a risk measure to control the shortage
of mandate. A case study in Iowa is conducted to investigate the
effects of different policies and demonstrate the applicability and
efficiency of the models.
Index Terms—supply chain management, biorefinery, stochas-
tic programming, biofuel policy, CVaR.
I. INTRODUCTION
B IOFUELS are of growing interests due to the environ-mental and economic benefits. Most important advan-
tages of biofuels includes the potential to reduce the depen-
dency on fossil fuel and promote the rural development in
agricultural regions, and greenhouse gas mitigation [1].
The development of the global biofuel production over the
last decade significantly relies on the supporting policies.
The United States is currently the largest biofuel producer.
Over the past years, different policies have been introduced
to support the production and consumption of biofuels in the
US [2]. These policies are often necessary to successfully
promote biofuel production since advanced biofuels are yet
not economically competitive comparing to fossil fuels. In the
United States, ambitious support policies have recently been
adopted that include explicit measures to encourage usage of
second-generation biofuels [1], [3].
U.S. Environmental Protection Agency (EPA) proposed
Renewable Fuel Standard (RFS) to govern how biofuels are
produced and consumed in the U.S. The RFS originated with
the Energy Policy Act of 2005 and was expanded and extended
by the Energy Independence and Security Act of 2007 (EISA)
[3]. Among the various policy instruments, blending mandates
are among common policy vehicles to ensure a certain amount
of biofuel is consumed, thereby offering more market certainty
to the producer side. The United States is the only country
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so far to have adopted a blending mandate for the second-
generation biofuels. The RFS defines the volume of different
biofuels that have to be blended with conventional fuel be-
tween 2006 and 2022 [1].
Currently the majority of biofuel in the United States is
ethanol produced from corn, which has been strongly sup-
ported by the existing policies. The total volume of biofuels
mandated in the RFS increases from 15 billion litres in 2006
to 136 billion litres in 2022 as shown in Figure 1.
Fig. 1. Biofuel mandate in the United States Renewable Fuel Standard
(Source: [1])
One of the most important aspects of the biofuel production
planning is the design of biomass supply chain networks.
In the literature, there are numerous studies devoted to the
supply chain design of biorefineries [4], [5], [6]. It has been
demonstrated that biofuel industry has been challenged by the
significant uncertainties along the biofuel supply chain such as
the available feedstock supply, because it is highly dependent
on the weather and can be negatively affected by pests or
diseases [7]. Hence, a large amount of studies in this area
through recent years considered the uncertainties associated
with the supply chain [8], [9], [10], [11], [12], [13], [14],
[15].
The government regulations and policies affect the pro-
duction and use of biofuel across the biofuel supply chain.
Therefore, it is of great importance to consider the impacts
of these policies on the total profit in the biofuel supply
chain design problem. Hoekman [16] summarized policy and
regulatory drivers for biofuels in the U.S., described the usage
trends and projections, and highlighted major R&D efforts to
promote development and commercialization of the second
generation biofuels. De Gorter and Just [17] claimed that
at least 65% of total world fuel consumption is affected by
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2tax credits for biofuels. De Gorter et al. [18] evaluated the
economic effects of an import tariff with or without mandates
and/or tax credits. It is shown that tax credit and mandate
result in significant changes in the price of biofuel.
The goal of this study is to investigate the impacts of
biofuel policies on the biofuel supply chain design under
uncertainty. One of the important policies we consider in
this study is blending mandate from RFS2. The Renewable
Identification Number (RIN) system was developed by the
U.S. Environmental Protection Agency (EPA) to ensure the
compliance with RFS mandates. Each year, obligated parties
are required to meet their prorated shares of the RFS mandates
by accumulating RINs, either through fuel blending or by pur-
chasing RINs from others. Another biofuel policy is Tax credit
which makes blenders more willing to blend biofuels. Pass-
through quantifies how much each stakeholder gets when a
subsidy or tax credit is provided. The impact of the uncertainty
regarding the pass-through play an important role in biofuel
industry. The effects of pass-through on the biofuel supply
chain models are also investigated in this study.
The mathematical modeling framework considered in this
study aims to design an optimal biorefinery supply chain con-
sidering the uncertainties in the fuel market price, feedstock
supply, and logistic costs including the transportation and
operation costs. Two mixed integer programming models with
the two-stage stochastic programming approach were applied
to address the uncertainties. The first-stage makes the capital
investment decisions including the locations and capacities
of the biorefineries, and once the uncertainties of available
feedstock is resolved the second-stage determines the biomass
and gasoline flows. The objective function is to maximize the
annual profit for biofuel producers. Two different types of
objectives were considered: expected value of profit, E(Profit),
and conditional value at risk of profit, CVaR(Profit). The
proposed models also illustrate the impact of incorporating
CVaR in constraints on satisfying demand and controlling the
amount of shortage of mandate in demand zones.
The rest of the paper is organized as follows: in Section
II, we discuss the problem statement for biofuel supply chain
design. In Section III, the stochastic programming models for
this problem under a variety of biofuel policies are analyzed.
A case study in the state of Iowa is presented in Section IV
in order to compare the results and highlight the impacts of
the policies. Finally, we conclude the paper in Section V with
the summary of findings.
II. PROBLEM STATEMENT
The biofuel supply chain network consists of biomass
production, harvesting, transportation, conversion and fuel
distribution as shown in Figure 2. The goal of this study is to
investigate the impacts of policies in the biofuel supply chain
network design. The proposed models in this paper are based
upon the mathematical modeling framework presented in [15].
In [15], optimization models are considered to determine
the best locations of the biorefineries with the two different
objective functions on maximizing the profit. One of the
objective function is to maximizing the expected value of
the profit and the other is to maximizing the CVaR of the
profit under uncertainty. The optimization models also specify
the amount of biomass transported from harvesting sites to
biorefineries as well as the amount of gasoline shipped to the
demand nodes. In this paper, we focus on the impacts of the
biofuel policies on the network.
Fig. 2. Structure of the biofuel supply chain (Source: [15])
The parameters involved in the problem consist of the
biomass feedstock harvesting sites, potential biorefineries lo-
cations along with the capacity levels, and demand zones with
the amount of associated mandate. There are also important
factors such as percentage of mandate enacted, percentage of
pass-through, etc. Uncertain parameters include the costs re-
lated to the biomass feedstock, and also feedstock availability
at each harvesting site with the potential fluctuation of yield
due to the seasonality and weather conditions.
We made several assumptions in the model formulation. The
uncertainties in the models are defined with a set of uncertain
parameters described by discrete distributions. Scenarios are
generated based on the combination of the uncertain parame-
ters. The uncertain parameters consist of the feedstock supply
and the logistic costs including transportation, collection, and
loading costs. The biorefineries with three possible capacity
level and associated investment costs can be built in a candi-
date location. We assume that each biorefinery can be provided
by more than one feedstock harvesting site, and each demand
can be satisfied by more than one biorefinery. In addition,
each harvesting site can serve more than one biorefinery and
also each biorefinery can supply more than one demand zone.
In this problem, locations for biorefineries are assumed to
be centroid of the counties and demand nodes are based on
Metropolitan Statistical Areas (MSAs).
We considered US government policies and mandates to
investigate the impacts of biofuel policies on the biofuel supply
chain models under uncertainty. One of the important policies
we consider in this study is renewable fuel standard mandate
which is established by EPA. Each year, obligated parties are
required to meet their prorated shares of the RFS mandates
by accumulating RINs, either through fuel blending or by
purchasing RINs from others. Another biofuel policy is Tax
credit which makes blenders more willing to blend biofuels.
Pass-through quantifies how much each stakeholder gets when
a subsidy or tax credit is provided. We also investigate the
impacts of pass-through on the biofuel supply chain models.
In this study, tax credit and cost from RINs and pass-through
are incorporated in the models.
The goal of these models is to design a biofuel supply
chain network to maximize the profit and minimize the costs
while satisfy the biofuel mandates and controlling the bio-
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3TABLE I
NOTATIONS
Scenarios
ws Probability that scenario s happens;
S Set of scenarios;
Feedstock Parameters
N Set of counties producing biomass feedstock;
Ais Available feedstock at county i in scenario s;
Si Sustainability factor for county i
CSCis Variable feedstock collection and loading cost at county i in
scenario s;
Transportation Parameters
e Material loss factor;
Dij Great circle distance from county i to county j;
τ Tortuosity factor;
CSTs Variable feedstock transportation cost in scenario s;
Biorefinery Parameters
L Set of biorefinery levels;
Ulj Biorefinery capacity with level l for location j;
Y Biorefinery fuel process yield;
CGC Unit conversion cost per gallon of biofuel produced;
B Available budget;
CBl Cost of opening a biorefinery with level l;
MSA and Gasoline mandate
M Set of MSAs considered;
Gk Total gasoline mandate for MSA k;
CGT Variable gasoline transportation cost;
Pks Price of gasoline at MSA k for scenario s;
shks Shortage of gasoline mandated at MSA k in scenario s;
spks Surplus of gasoline mandated at MSA k in scenario s;
H Upper bound for CVaR of shortage in each MSA;
λ Percentage of gasoline mandate;
γ Percentage of pass-through;
X Tax credit for every gallon of biofuel;
RIN Value of RIN;
Optimization Variables
δlj Binary variable that determines if a biorefinery with capacity
l is located in county j;
fijs Flow of biomass feedstock from county i to county j for
refining in scenario s;
qjks Finished gasoline flow from county j to MSA k in scenario s;
η, rs Variables defined to formulate CVaR of the shortage.
fuel shortage for the mandates. These models determine the
locations and capacities of biorefineries, and the quantities
of biomass feedstock shipped between harvesting sites and
biorefineries, as well as the quantities of biofuel transported
between biorefineries and demand zones. The objective func-
tion of the models is to maximize the total profit for all the
refineries. The revenue can be obtained from selling biofuel,
pass-through and credit form RINs, and the total cost consists
of collecting, transporting and operational, and shortage costs.
III. MODEL FORMULATION
Here we present the two stage stochastic programming
formulations used to model the problem. Table I describes
the mathematical notations used in the models.
A. Constraints in the Model
In this model, the following two sets of constraints are
related to the first-stage decisions, that is the selection of
biorefinery locations, and the others are dedicated to the
second-stage decisions which specify the amount of feedstock
and biofuel flows in the system.
A set of binary variables, δlj , is defined to determine
whether a biorefinery with capacity level of l is located in
a candidate location j. The following constraint is used to
ensure that the cost of building biorefieries does not exceed
the available budget B:
∑
j
∑
l
CBl δlj ≤ B. (1)
The next constraints shows that at most biorefinery can be
built in each candidate location:
∑
l
δlj ≤ 1, ∀j ∈ N. (2)
We assumed that the biomass supply is uncertain with
a known distribution. Scenarios are designed based on the
distribution and represented by S. Given the set of counties,
N , that produce biomass feedstock, each county i ∈ N has
Ais tons per year of corn stover in scenario s available. Given
Si as the sustainability factor of the corn stover, each county
can provide at most (1− Si)Ais tons of corn stover per year
in scenario s. The flow of the feedstock from biorefinery i to
the biorefinery facility j in scenario s is denoted by fijs. The
following constraints ensure that the total quantity of feedstock
transported from county i does not exceed the amount of
feedstock available at the county in each scenario:
∑
j
fijs ≤ (1− Si)Ais, ∀i ∈ N, ∀s ∈ S. (3)
Each county, j ∈ N , can be a candidate for a biorefinery
facility with the capacity of Uj . The amount of feedstock that
can be processed to biofuel at a facility is less than or equal
to the specified capacity, which is ensured by
(1− ej)
∑
i
fijs ≤
∑
l
Uljδlj , ∀j ∈ N, ∀s ∈ S. (4)
The biofuel produced in the biorefineries will be shipped
to the MSAs. Decision variable qjks represents the quantity
of biofuel shipped from the biorefiery j to the MSA k under
the scenario s. Variable shks represents the shortage of biofuel
mandate, while spks represents the surplus of biofuel mandate
in MSA k and scenario s. The following constraints shows
the relation between quantity of biofuel, shortage, surplus and
biofule mandate:
∑
j
qjks + shks − spks = λsGk, ∀k ∈M, ∀s ∈ S. (5)
We assumed that all the biomass shipped to a biorefinery are
converted to biofuel, where Y is a conversion factor associated
to the production yield. This is represented by
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4(1− ej)
∑
i
fijsY =
∑
k
qjks, ∀j ∈ N, ∀s ∈ S. (6)
One of the features of the proposed models is the adoption
of Conditional Value at Risk (CVaR) [19], [20], [21] to
incorporate risk-aversion concept into an optimization model.
The definition of Value at Risk (VaR) and CVaR are illustrated
below.
The VaR1−α of a random variable of X is the lowest value
of t such that, with probability α, the loss will not be more
than t, whereas the CVaR1−α is the conditional expectation
of loss above that amount t [21], that is
VaR1−α(X) = inf {t : Pr(X ≤ t) ≥ 1− α} ,
CVaR1−α(X) = E[X|X ≥ V aR1−α].
Another representation of CVaR(1−α) for a discrete distri-
bution is
CVaR1−α(X) = inf
t
{
t+
1
α
E [(X − t)+]
}
(7)
where (a)+ = max {0, a} [22].
We applied CVaR as a risk measure in order to control
the amount of shortage of biofuel mandates. Parameter H is
defined as a limit on the CVaR of shortage of the mandates.
Constraints (8)-(10) enforce a limit on CVaR of shortage
associated with α-quantile. In other words, constraints (8)-(10)
are the linearization of CVaR1−α(sh) ≤ H by introducing
auxiliary variables rs and η:
η +
1
α
∑
s
wsrs ≤ H, (8)
rs ≥ shks − η, ∀k ∈M, ∀s ∈ S, (9)
rs ≥ 0, ∀s ∈ S. (10)
B. Objective Function
In these models the objective is to maximize the annual
profit which is defined as the totsl revenue subtracted by the
total cost. The total revenue consist of revenue from selling the
biofuel, pass-through revenue, as well as credits from selling
excess RINs, and different kinds of costs considered in the
biofuel supply chain network are collection and loading cost,
transportation cost, conversion cost, shortage cost and capital
cost.
Three different sources of revenues are considered in the
models: revenue from selling the biofuel, pass-through rev-
enue, and credits from selling excess RINs. The expected price
biofuel sold at in MSA k is denoted by Pks. Therefore, the
revenue obtained by selling the product is
∑
j,k,s Pkwsqjks.
The revenue from pass-trough is
∑
j,k,sXγwsqjks in which X
represents the tax credit for every gallon of biofuel, and γ is the
percentage of pass-through. The credit obtained from surplus
production of biofuel is calculated by
∑
k,s wsspksRIN .
There are also different types of costs incurred in the biofuel
supply chain network including collection and loading cost,
transportation cost, conversion cost, capital cost and shortage
cost. Unit cost of collection and loading of feedstock shipped
and delivered to the biorefiery facilities is denoted by CSCis .
Unit transportation cost for biomass feedstock is specified by
CSTs . Assuming the distance between county i and j as Dij ,
the total expected cost of loading, collection, and transporta-
tion of biomass feedstock is
∑
s(C
SC
is + τDijC
ST
s )wsfijs
in which τ is a tortuosity factor that accounts for the actual
distance that must be traveled due to the available geography
and transportation infrastructure. Another cost involved in our
models is conversion cost. Unit conversion cost to produce a
gallon of biofuel at the biorefinery is specified by CGC . The
total conversion cost is thus
∑
j,k,s C
GCwsqjks. Biofuel is
shipped to the MSA by pipelines at a unit cost of CGT , so the
total biofuel transportation cost equals
∑
j,k,sDjkC
GTwsqjks.
To define the cost of the biofuel shortage from mandate, a
penalty which equals to the RIN value is considered for every
gallon of shortage. Total capital cost to build the biorefineries
is
∑
l,j C
B
l δlj . We adopt the amortized capital investment
concept. Therefore, the annual payments for a period of t = 30
years with interest rate of ir = 8% is:
PMT(Investment) = Investment
(
ir(1 + ir)t
(1 + ir)t − 1
)
We considered two approaches in the objective function to
maximize the total profit. The first is to maximize the expected
value of the total profit which is referred to as E(Profit) in this
paper. The model with objective of E(Profit) is formulated as
follows:
max
∑
j,k,s
Pkswsqjks
+
∑
j,k,s
Xγwsqjks −
∑
i,j,s
(CSCis + τDijC
ST
s )wsfijs
−
∑
j,k,s
(CGC +DjkC
G,T )wsqjks
− PMT(
∑
l,j
CBl δlj)−
∑
k,s
wsshksRIN
+
∑
k,s
wsspksRIN
s.t. Constraints (1)− (10),
fijs ≥ 0, ∀i, j ∈ N, ∀s ∈ S,
qjks ≥ 0, ∀k ∈M, ∀s ∈ S,
shks ≥ 0, ∀k ∈M, ∀s ∈ S,
spks ≥ 0, ∀k ∈M, ∀s ∈ S,
δlj ∈ {0, 1}, ∀j ∈ N, ∀l ∈ L.
Using the objective of E(Profit) does not explicitly address
the risks associated with profit. Therefore, in the second
approach, we adopt the CVaR of profit for the objective
function. For a distribution of the profit, the definition of
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5VaR and CVaR is considered for the tail on the left side of a
probability density function.
The VaR1−β of a random variable of X is the highest value
of t such that, with probability β, the profit will not be less
than t, whereas the CVaR1−β is the conditional expectation of
profit below that amount t, as follows
VaR1−β(X) = sup {t : Pr(X ≥ t) ≥ 1− β} ,
CVaR1−β(X) = E[X|X ≤ V aR1−β ].
For a discrete distribution, another representation of
CVaR(1−β) is
CVaR1−β(X) = sup
t
{
t− 1
β
E [(t−X)+]
}
. (11)
The aim of the second approach is to maximize the CVaR of
the total profit which is referred to as CVaR(Profit) in this pa-
per. The notation related to the new assumptions are included
in Table II. Auxiliary variables ζ and vs are introduced to
linearize CVaR of the profit according to (11).
TABLE II
UPDATED PARAMETERS FOR THE STOCHASTIC MODEL WITH OBJECTIVE
OF CVaR(Profit)
Profits Total profit for scenario s;
Revenues Revenue for scenario s;
Costs Total cost for scenario s;
ζ, vs Variables defined to formulate CVaR of the profit.
The model with the objective of CVaR(Profit) associated
with β-percentile is presented in the following formulation.
max ζ − 1
β
∑
s
wsvs
s.t. vs ≥ ζ − Profits, ∀s ∈ S,
vs ≥ 0, ∀s ∈ S,
Profits = Revenues − Costs, ∀s ∈ S,
Revenues =
∑
k,j
Pksqjks +
∑
j,k,s
Xγwsqjks
+
∑
k,s
wsspksRIN, ∀s ∈ S,
Costs =
∑
i,j
(CSCis + τDijC
ST
s )fijs
+
∑
j,k
(CGC +DjkC
GT )qjks + PMT(
∑
l,j
CBl δlj)
+
∑
k,s
wsShksRIN, ∀s ∈ S,
Constraints (1)− (10),
fijs ≥ 0, ∀i, j ∈ N, ∀s ∈ S,
qjks ≥ 0, ∀k ∈M, ∀s ∈ S,
shks ≥ 0, ∀k ∈M, ∀s ∈ S,
δlj ∈ {0, 1}, ∀j ∈ N, ∀l ∈ L.
IV. CASE STUDY
In this section a case study is applied for the proposed
models to investigate the impact of different policies. The
goal of the stochastic mixed integer linear models is to
design a biorefinery supply chain with the consideration of
uncertainties. The problem is formulated in two mathematical
models with two different objective functions: E(Profit) and
CVaR(Profit). The models consider the uncertainties in the
fuel market price, feedstock supply, and logistic costs, while
applying biofuel policies. These models apply the CVaR of
shortage as a tool to control the shortage from mandate biofuel
in the system.
In biofuel supply chain system in the state of Iowa, biomass
can be harvested and collected in every county in the state.
Then the feedstock is transported from the counties to the
biorefineries for conversion to biofuel. The biofuel is trans-
ported to the demand areas or MSAs in Iowa. It is assumed that
the transportation distance within the county has a negligible
effect on feedstock transportation costs. The models is aimed
to determine the optimal biorefineries locations and capacities
with the objective of maximizing the annual profit while
controlling the risk of the biofuel shortages at the MSAs, as
weel as considering the policies in the system.
In the rest of this section, we first explain the data used in
the case study, and then we analyze and discuss the impacts
of the policies on the output.
A. Data Sources for the Case Study
The potential biomass harvesting locations in Iowa are 99
counties in this state. We consider each county as a candidate
location to build a biorefinery with capacity level of 1000,
1500 or 2000 ton per day for the conversion to biofuel.
The maximum available budget assigned to this project is
$5,000,000,000 Which is based on the techno-economic analy-
sis and subjective assumption without loss of generality. There
are 21 MSAs in Iowa which are considered as the demand
areas. Biofuel mandate at each MSA is estimated as a percent
of the state-level gasoline consumption as provided by Energy
Information Administration (EIA). This percent is based on the
ratio of the population within the MSA and the total population
of the state. Figure 3 shows the map of the state illustrating
the average of available biomass at each county, as well as the
levels of gasoline consumption at each MSA.
Fig. 3. Available biomass and gasoline demand in Iowa
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6We assume the confidence levels to define the CVaR of
shortage α and CVaR of profit β are both 20%. The impacts
of these confidence levels are important in the result of the
decision, however, the study of that is not within the scope
of our discussion. We also assume that the upper bound for
biofuel shortage at MSAs is 800,000,000 gallons per year.
Tortuosity factor τ is considered 1.29, which is multiplied
by distances and shows the actual distances that must be
traveled according to the geographical infrastructure. Mate-
rial loss factor e, which accounts for possible losses during
loading, transportation, and unloading, is assumed to be 0.05.
Based on the experimental data, the biorefinery process yield
of feedstock, Y , is assumed to be 0.218. The sustainability
factors, Si, to be 0.718 at all counties [23].
We considered 3 cases for the gasoline mandate supposed
to be satisfied by biofuel. These scenarios include 10%, 20%
and 30% of the total gasoline mandate in each MSA (λ). We
also considered 3 cases for percentages of pass-through (γ)
including 0%, 50% and 100%. In addition, we assume that
tax credit for every gallon of biofuel (X) is $1.1, and RIN is
$2.
Scenarios for the problem are considered based on the
combination of the uncertain parameters. We generated the
scenarios using the average values of the parameters and their
deviation according to the historical records. For this problem,
we considered 16 scenarios for available feedstock, 3 scenarios
for price of gasoline, 2 scenarios for feedstock collection and
loading costs, and 2 scenarios for transportation cost. Possible
scenarios and their probabilities generated for each parameter
are listed in Tables III-VI. The combination of these scenarios
constructs 192 scenarios in total for this problem.
TABLE III
SCENARIOS FOR AVAILABLE FEEDSTOCK
Scenario Available feedstock Probability
Scenario 1 A− 8%A 1/16
Scenario 2 A− 7%A 1/16
Scenario 3 A− 6%A 1/16
Scenario 4 A− 5%A 1/16
Scenario 5 A− 4%A 1/16
Scenario 6 A− 3%A 1/16
Scenario 7 A− 2%A 1/16
Scenario 8 A− 1%A 1/16
Scenario 9 A+ 1%A 1/16
Scenario 10 A+ 2%A 1/16
Scenario 11 A+ 3%A 1/16
Scenario 12 A+ 4%A 1/16
Scenario 13 A+ 5%A 1/16
Scenario 14 A+ 6%A 1/16
Scenario 15 A+ 7%A 1/16
Scenario 16 A+ 8%A 1/16
TABLE IV
SCENARIOS FOR PRICE OF GASOLINE
Scenario Price of gasoline Probability
Scenario 1 P − 10%P 1/3
Scenario 2 P 1/3
Scenario 3 P + 10%P 1/3
TABLE V
SCENARIOS FOR FEEDSTOCK COLLECTION AND LOADING COST
Scenario Feedstock collection and loading cost Probability
Scenario 1 CSC − 10%CSC 1/2
Scenario 2 CSC + 10%CSC 1/2
TABLE VI
SCENARIOS FOR TRANSPORTATION COST
Scenario Transportation cost Probability
Scenario 1 CST − 10%CST 1/2
Scenario 2 CST + 10%CST 1/2
B. Results Analysis and Discussion
We solve each of optimization models with objective func-
tion of expected value and CVaR of profit with nine dif-
ferent scenarios on gasoline mandate in each MSA (λ) and
percentages of pass-through (γ). These assumptions are the
combination of three cases for (λ) and three cases for (γ). We
consider three cases for the gasoline mandate supposed to be
satisfied by biofuel including 10%, 20% and 30% of the total
gasoline mandate in each MSA (λ). We also consider 3 cases
for percentages of pass-through (γ) including 0%, 50% and
100%. The results of the model for the combination of these
cases are shown in Table VII.
TABLE VII
RESULTS OF THE MODEL WITH THE OBJECTIVE OF EXPECTED VALUE OF
THE PROFIT
λ
γ 10% 20% 30%
Total profit
0%
453 M 329 M 134 M
Revenue of selling biofuel 4,547 M 4,422 M 4,232 M
Revenue of Pass-through 0 0 0
Conversion and gasoline 3,028 M 3,022 M 3,019 M
transportation Cost
Biomass collection and 643 M 643 M 637 M
transportation Cost
Investment cost 423 M 423 M 429 M
Shortage cost 7 M 32 M 33 M
Credit 7 M 26 M 20 M
Total profit
50%
455 M 331 M 136 M
Revenue of selling biofuel 4,547 M 4,422 M 4,232 M
Revenue of Pass-through 2 M 2 M 2 M
Conversion and gasoline 3,028 M 3,022 M 3,019 M
transportation Cost
Biomass collection and 643 M 643 M 637 M
transportation Cost
Investment cost 423 M 423 M 429 M
Shortage cost 7 M 33 M 33 M
Credit 7 M 26 M 20 M
Total profit
100%
456 M 332 M 138 M
Revenue of selling biofuel 4,547 M 4,422 M 4,232 M
Revenue of Pass-through 4 M 4 M 4 M
Conversion and gasoline 3,028 M 3,022 M 3,019 M
transportation Cost
Biomass collection and 643 M 643 M 637 M
transportation Cost
Investment cost 423 M 423 M 429 M
Shortage cost 7 M 11 M 33 M
Credit 7 M 4 M 20 M
Table VII provides the results of the model with the objec-
tive of expected value of the profit. It can be observed that the
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7percentage of the mandate increases, the total profit decreases,
because there are more strict mandate should be satisfied in the
system. It shows the necessity of more encouraging policies
when the mandate percentage is larger. In addition, as the
percentage of pass-through goes up, the total profit increases
in all cases.
By increasing the mandate, there will be more shortage for
mandate, so shortage cost will increase. On the other hand,
the profit from credit gained by surplus of biofuel production
will increase significantly when the percentage of mandate
increases from 10% to 20% when the percentage of pass-
through is 0% or 50%. But when the percentage of pass-
through is 100%, the profit from credit gained by surplus of
biofuel production decrease from 10% to 20%. In all values
of γ, when the percentage of pass-through is 100%, the credit
gained by surplus of biofuel production is larger compared
to other percentages of pass-through. In cases with λ of 10%
and 20%, it is noticeable that when the pass-through increased
from 50% to 100%, not all the revenue from pass-through
is reflected on the profit. The revenue from the pass-through
is increased by 2M and the profit is only increased by 1M.
In addition, when the percentage of mandate increased, there
is a remarkable increasing in the credit from selling RINs,
however, the shortage costs increase as well.
Table VIII summarizes the results of the model with the
objective of CVaR of the profit. In general, the total profit from
this model is less than the total profit from the model with the
objective of expected value. It is obviously because of the
fact that the CVaR is more conservative rather than expected
Value. In this model, the revenue from selling biofuel and pass-
through is less than the first model. The other observation is
the difference of credit and shortage cost in these two models.
When the percentage of mandate is 10%, the credit from
selling RINs and also shortage cost are remarkably increasing
compared to the previous model.
Generally, in both models, as the percentage of pass-
through increases, the total profit increases slightly, but as
the percentage of mandate increases, the total profit decreases
considerably.
V. CONCLUSION
To reduce the dependence on fossil fuels and to address
climate change concerns, U.S. policymakers have employed a
variety of policies to support the production and consumption
of biofuels. Biofuel industry has been highly affected by these
policies. This study attempts to analyze the impacts of RFS
mandates and pass-through on the biofuel supply chain models
under uncertain sources of feedstock availability and logistic
costs. The general structure of biofuel supply chain consists
of biomass production, harvesting, transportation, conversion
and fuel distribution. The biomass is harvested at the farms and
shipped to the biorefineries. At biorefineries, the feedstock is
converted to biofuel and then transported to demand areas. In
the research area of biofuel supply chain network design, one
of the biggest challenges is to deal with uncertainties along
the supply chain.
The models we presented in [15] were aimed to explore the
design of a biofuel supply chain network under uncertainty. We
TABLE VIII
RESULTS OF THE MODEL WITH THE OBJECTIVE OF CVAR OF THE PROFIT
λ
γ 10% 20% 30%
Total profit
0%
260 M 168 M 73 M
Revenue of selling biofuel 2,235 M 2,438 M 3,328 M
Revenue of Pass-through 0 0 0
Conversion and gasoline 1,486 M 1,701 M 2,422 M
transportation Cost
Biomass collection and 273 M 318 M 469 M
transportation Cost
Investment cost 212 M 242 M 350 M
Shortage cost 33 M 34 M 34 M
Credit 30 M 25 M 20 M
Total profit
50%
261 M 169 M 74 M
Revenue of selling biofuel 2,235 M 2,438 M 3,328 M
Revenue of Pass-through 1 M 1 M 1 M
Conversion and gasoline 1,486 M 1,701 M 2,422 M
transportation Cost
Biomass collection and 273 M 318 M 469 M
transportation Cost
Investment cost 212 M 242 M 350 M
Shortage cost 33 M 34 M 34 M
Credit 30 M 25 M 20 M
Total profit
100%
262 M 176 M 76 M
Revenue of selling biofuel 2235 M 2493 M 3328 M
Revenue of Pass-through 2 M 2 M 3 M
Conversion and gasoline 1486 M 1737 M 2422 M
transportation Cost
Biomass collection and 273 M 327 M 469 M
transportation Cost
Investment cost 212 M 246 M 350 M
Shortage cost 33 M 34 M 34 M
Credit 30 M 25 M 20 M
proposed a mathematical programming framework with the
approach of two-stage stochastic programming to determine
capital investment decisions on the location and capacities of
the biorefineries, the feedstock transportation and biofuel de-
livery decisions. The uncertainties considered in this problem
consist of feedstock supply, fuel market price, and logistic
costs. Two modeling approaches are adopted in the objective
function formulation: expected value and CVaR of profit. The
first approach focuses on maximize the expected profit where
the latter approach is more on the mitigation of system risk
under averse conditions.
In order to analyze the impacts of RFS mandates and pass-
through on the biofuel supply chain models under uncertainty,
we incorporated the biofuel policies and mandates in the
presented models. The assessment undertaken in this study
shows that considerable increase in pass-through has a slight
increase in the total profit. The increase in the mandate of
biofuel has a remarkable impact on decreasing the total profit.
The comparison between two models with different objective
functions shows that the revenue from pass-through in the
model with the objective of expected value is more than the
revenue from pass-through in the model with the objective of
CVaR. However, the credit from RINs in the model with the
objective of expected value is less than the same credit in the
model with the objective of CVaR. In general, regardless of the
policies, the total profit decreased considerably in the model
with the objective of CVaR of the profit.
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